This work presents a novel scalable and field deployable framework for estimating battery state of charge (SoC) based on pitch-catch guided wave propagation using lowprofile built-in piezoelectric transducers. A preliminary study is performed through experiments using piezoelectric disc transducers mounted on commercial lithium-ion (Li-ion) pouch batteries. Similar experiments are carried out on Multifunctional Energy Storage (MES) Composites, which are an energy-storing structural material recently developed by the authors. In this work, special emphasis is given to the numerical validation of the variation in guided wave time of flight (ToF) due to the SoC-induced changes in electrode mechanical properties. The experimental results are accurately captured in the numerical simulation, which provides significant insight on the complex coupling between electrochemistry and mechanics. Moreover, a first-pass statistical analysis is conducted which demonstrates the efficacy of using guided wave data to obtain accurate prediction of battery SoC. The study also reveals a promising opportunity for exploiting the feature-rich multi-path nature of guided wave propagation to further improve SoC prediction accuracy.
INTRODUCTION
Extensive research effort in energy storage, particularly in lithium-ion (Li-ion) batteries, has been ongoing in response to the ever-growing demand for high-energy, light-weight energy solutions for portable devices, electric systems, and transportation [1, 2] . Yet, their broader practical adoption has been hindered by the system's reliability, lifespan, safety, and cost. The complexity of Li-ion batteries and their narrow operational envelope require accurate real-time state monitoring for effective control and management. Conventional on-board battery management systems (BMS) are currently limited to the monitoring of extrinsic parameters including voltage, current, and temperature [3, 4] . From these, battery state of charge (SoC) is merely approximated using state-estimation software and algorithms. The current techniques have not come to exploit the fact that a Li-ion battery fundamentally is a composite material system which undergoes mechanical evolution during electrical cycling. Thus, the mechanoelectrochemical coupling presents an opportunity for guided wave techniques to be used for estimating SoC, similarly to how structural states are monitored in the context of structural health monitoring (SHM) [5] .
To our best knowledge, there have been similar efforts attempting to use ultrasonic measurements for probing Li-ion batteries. In the study by Sood et al., only detrimental delamination of electrodes is detected through wave propagation, and SoC is not quantified [6] . Comprehensive studies by Gold et al. and Hsieh et al. show a trend of signal parameters on Li-ion cells during charging and discharging, but SoC is not quantified [7, 8] . Additionally, all previous studies are based on through-thickness transmitted and reflected bulk waves, which usually need external bulky ultrasonic probes and equipment, require extensive operator intervention, and suffer from inaccurate baseline collection.
Trying to address the aforementioned challenges, we introduce a scalable and fielddeployable technique for battery SoC monitoring with ultrasonic guided waves, using minimal-footprint piezoelectric wafer transducers ( Figure 1 ). Our previous work has shown promising results by experimentally demonstrating the correlation between guided wave signals and battery SoC and aging, and its applicability to battery monitoring [9, 10] . A continuation of the work is presented in this paper where special emphasis is given to the numerical validation of the SoC-induced change in guided wave signals, as well as the statistical analysis and predictive modelling. 
Problem Statement and Method of Approach
SoC prediction is a challenging task for battery monitoring and management because on-field applications are often limited to rudimentary voltage measurements and computationally expensive prediction algorithms. In the previous companion work, we have demonstrated the correlation between experimental pitch-catch guided wave signals and battery SoC, as well as its applicability to SoC prediction [9, 10] . An actual implementation of the technique however requires a full understanding of the underlying physical relationship between electrochemistry and mechanics in order to establish a robust predictive modelling approach. Hence, it is imperative to thoroughly investigate the intertwined coupling between the electrochemical process and the mechanical wave propagation. Then, a statistical framework needs to be developed to analyze and fully utilize the feature-rich multi-path nature of guided wave signals for SoC prediction.
Therefore, this work places special emphasis on the numerical validation of the variation in guided wave time of flight (ToF) as a function of battery SoC. The experimental ToF is compared with the results from a numerical simulation using gathered geometry data and values of electrode moduli and densities. In addition, a preliminary statistical analysis is performed on the experimental data to evaluate the overall SoC prediction accuracy using guided waves. We then explore different model structures to evaluate the efficacy of improving the prediction accuracy by using multiple extracted signal features from multiple propagation paths.
PRELIMINARY EXPERIMENTAL RESULTS
The experimental setup and preliminary results, which the numerical validation and statistical analysis are based on, have been discussed in our previous companion work, but for the sake of completeness they will be repeated herein [9, 10] . In brief, pitchcatch guided wave propagation experiments are performed on 3,650mAh off-the-shelf Li-ion pouch batteries, as well as on 4,000mAh MES Composite cells, which are a new type of structurally reinforced Li-ion battery recently developed by the authors [10] [11] [12] [13] . Guided wave signals are gathered at various battery SoCs from four surface-mounted piezoelectric disc transducers (6.35mm-diameter PZT-5A in the SMART Layer format (Acellent Technologies, Inc.) at the locations shown in Figure 2 . The pitch-catch experiments use standard five-peak Hanning-windowed tone bursts with center frequencies between 100 to 200 kHz. A total of four propagation paths are under study, i.e. Path 1 from transducer P1 to P3, Path 2 from P1 to P4, Path 3 from P2 to P3, and Path 4 from P2 to P4. The ultrasonic data acquisition is synchronized with a battery cycler which performs battery charging and discharging, allowing SoC to vary from 0% at a fully discharged state to 100% at a fully charged state.
In this work, only the time-domain analysis of the signals is discussed. A representative time-domain actuator-sensor response is shown in Figure 3 from a pouch cell experiment at a given SoC. Two time-domain parameters are of interest: the (sensing) signal amplitude, which is the maximum amplitude of the sensing signal's Hilbert envelope, and the time of flight (ToF), which is the measure of the time taken by an actuation wave packet to reach a sensor. The change in battery SoC results in the behavior of the time-domain signal parameters shown in Figure 3b for a representative pouch cell and in Figure 3c for an MES Composite cell. This mechano-electrochemical correlation is numerically validated and statistically analyzed in the subsequent sections. 
NUMERICAL VALIDATION OF TIME OF FLIGHT VARIATION
Li-ion batteries are fundamentally a composite material system that undergoes mechanical and chemical changes as they cycle. As a battery undergoes charging and discharging, the moduli and densities of the constituent electrode materials change. The intertwined electrochemical coupling of the composite anode and cathode, as well as the complex acoustoelastic physics in such an anisotropic interspersed medium, require a thorough wave propagation analysis to obtain accurate validation of the actual phenomenon, which will be described herein.
Modelling Method
The wave propagation in a Li-ion battery is investigated analytically using fundamental acoustoelastic principles in order to explore the effects of density and modulus on the guided wave ToF. The dispersion characteristics of the wave propagation in a Li-ion multilayered structure is then solved numerically using the DISPERSE software [14, 15] . The wave velocity as a function of battery SoC can be obtained, from which ToF can be back-calculated. In this work, only the experimental results from pouch cells are validated due to the limitation of the software in allowing the three-dimensional presence of the rivets to be included in the case of the MES Composites.
To initialize the calculation, a functional relationship between SoC and electrodes' moduli and densities need to be established. The density and modulus values of all the constituent materials are gathered from published resources and are summarized in TABLE I. A Li-ion pouch battery is essentially a laminate of active electrode layersi.e. anode and cathode, stacked in an alternating fashion with each adjacent layer separated by a thin porous polymer separator membrane. The anode and cathode themselves are also laminated materials comprising a thin metallic current collector foil (copper and aluminum for anode and cathode respectively) with an active electrode film coating on both sides. The last stage of anisotropy is in the active electrode film which is a homogeneous mixture of active microparticles (graphite for anode and nickelmanganese-cobalt-oxide for cathode) and electrically conductive particles, adhered together with a polymeric binder.
In TABLE I, the only parts which are functionally dependent on SoC are the active electrode films (both anode and cathode). The volume-weighted average values of density and modulus of the electrode films are then calculated and shown in Figure 4a Results and Discussion Figure 4b shows a comparison between the results from the DISPERSE simulation and the experimental ToF of signals from Path 1 (From transducer P1 to P2) at 125 kHz from an indicative pouch cell. A very good comparison agreement can be seen at higher SoC levels, but overall, the simulation accurately captures the decrease in ToF and the curvature of the trend. The absolute change in ToF between the fully charged and discharged states is also captured reasonably well -approximately 8µs and 11µs for the experiment and simulation results respectively. Because wave propagation velocity is approximately proportional to the square root of the modulus to density ratio, the decrease in ToF at higher SoC (faster propagation speed) is to be expected from the changes in the modulus and density values shown in Figure 4a . Despite the counter-intuitive decrease in the cathode modulus, it appears that the aggregate modulus-to-density ratio of the composite still increases as a result from the other three factors, which cause the wave to globally speed up.
Moreover, there are local non-linearities observed in the experimental ToF which cannot be accurately captured in the simulation. These non-linearities are primarily induced by the intercalation staging in the graphitic anode, and potentially in part to the concentration-limited phases of the cathode. The detailed transitioning of mechanical properties is not well documented in literature, but such characterization is currently under our investigation and will be included in a future paper. The interpretation of signal attenuation's behavior is also underway, even though numerical modeling of wave attenuation is not a straightforward task since the propagation involves anisotropy, porosity, interfaces, and multiple material phases. A full understanding of the underlying physical phenomena will become crucial when this concept is extended to battery aging and remaining life prediction because these mechano-electrochemical fingerprints can help pin point the root cause of battery failure. 
STATISTICAL ANALYSIS AND SOC PREDICTION
As previously discussed, conventional on-board BMSs rely mainly on current-and temperature-compensated voltage measurement to determine battery SoC. As a result, a lapse in measurement of this scalar value may potentially lead to inaccurate SoC prediction. This part of the work aims at exploring the concept of exploiting the multipath, feature-rich nature of guided wave signals to attain better real-time SoC estimation. Therefore, we conduct a very fundamental statistical analysis and validate the feasibility of:
(i) improving the prediction accuracy by simultaneously using two ultrasonic features: ToF and signal amplitude (ii) further reducing prediction error by using information from multiple paths (iii) reducing the prediction model order without losing accuracy by maintaining data richness.
Statistical Method
A basic statistical analysis is performed by creating prediction models based on a Generalized Additive Model (GAM) [20] . GAMs are a non-parametric regression technique, which allows dependent variables to be described by smooth non-linear functions of covariates. GAMs with a Gaussian error distribution and identical link function are fitted on the data set from pouch cells and MES Composite cells to estimate SoC. Thin-plate regression splines are employed as smoothed fits of covariates using maximum penalized likelihood [21] . , and generalized cross-validation (GCV), as well as 10-fold cross validation (CV) error and Akaike Information Criterion (AIC) [22] are calculated and compared for each of the models.
Results and Discussion
The GAMs and their statistical values are presented in TABLE II and TABLE III for data from a representative pouch cell and MES Composite cell respectively. The shapes of the functional forms of the covariates in the pouch cell Model 4 are illustrated in Figure 5 to indicate the non-linear relationship between SoC and the covariates. To elaborate on the first aim (improving the prediction accuracy by simultaneously using two ultrasonic features -ToF and signal amplitude), we first evaluate the statistical results from Models 1 through 3. Using both ToF and signal amplitude as predictors, Model 3 shows lower AIC, GCV score, and 10-fold CV error than Models 1 and 2. This is true for all other signal paths, which are not shown here for the sake of abbreviation. Therefore, this confirms the feasibility of exploiting the feature-rich nature of guided wave data for SoC prediction accuracy improvement. However, a comparison between Models 1 and 2 indicates that ToF appears to be a better predictor of SoC than signal amplitude. This is to be expected due to the higher noise level and the abrupt changes in the curvature in the signal amplitude versus SoC plot (Figure 3) . Feature extraction and selection thus become very crucial and care should be taken when constructing a prediction model using multiple signal features.
Model 3 can be further compared to Model 4 to investigate the added benefits of using an ensemble of data from multiple paths. With ToF and signal amplitude data from four distinct propagation paths, Model 4 exhibits significantly better prediction accuracy. All but one predictors in Model 4 are statistically significant (p-value < 0.001) and thus contribute to the SoC prediction accuracy improvement. The very low GCV score and 10-fold CV error (< 0.1 %SoC) from Model 4 also confirms that guided waves can be used to predict battery SoC to a very high accuracy.
Model 5 keeps the same predictors as Model 4 (8 predictors -ToF and signal amplitude from all four paths), but the maximum d.f. of each functional relationship is limited to 2. The prediction of accuracy of Model 5 is similar to that of Model 3 which uses two predictors without any limitation on the d.f. However, the structure of Model 5 involves much fewer d.f. than Model 3. This presents an opportunity for reducing the prediction model order by exploiting the multi-dimensionality of guided wave data, allowing good prediction accuracy to be achieved with low computational cost. All in all, we have presented a first-pass statistical analysis of guided wave data with an attempt to explore the multi-feature, multi-path nature of guided wave signals for battery SoC prediction. It is important to note that this analysis is model-agnostic and is merely used to emphasize the benefits of this method over the scalar voltage measurement in a traditional BMS. There is room for improvement both in terms of the statistical modelling and the actual wave propagation implementation themselves. Nevertheless, it is shown that guided waves can be applied in conjunction with voltagebased prediction to further improve the estimation robustness and accuracy. 
CONCLUSIONS
In summary, this work established a preliminary evaluation of battery SoC prediction using ultrasonic guided waves with surface-mounted piezoelectric transducers on commercial Li-ion pouch batteries and MES Composite cells. Special emphasis was given to the numerical validation of the SoC-induced variation in ToF and a first-pass statistical analysis of SoC prediction using guided wave data. In essence, it has been shown through our study that:
 The changes in moduli and densities of Li-ion battery electrodes at various SoCs affect the guided wave propagation within the battery medium. Numerical modelling of the ToF signature using the DISPERSE software shows a good agreement with the experimental results, setting the stage for detailed wave propagation analysis.  A preliminary statistical analysis has shown that SoC can be predicted using guided wave data with high accuracy. Moreover, we have shown the potential of exploiting the feature-rich, multi-path nature of guided wave signals to enhance prediction accuracy and reduce prediction model order. Further detailed analysis is underway for the correlation of the guided wave signal attenuation with the battery physical phenomena at different SoCs, as well as the investigation and modelling of the local non-linearities. Last but not least, the preliminary statistical study presented heretofore will be used in the development of a robust and accurate prediction model that employs smart feature extraction and selection, and compensation for operating conditions and environments.
